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ABSTRACT Recently, planetary gearboxes have been widely used in helicopters, heavy trucks, ships, and other large and complex
mechanical equipment because of their smooth transmission characteristics, small volume, and large reduction ratio. The planetary
bearing, which plays a supporting role in the planetary gearbox, usually works in a worse environment but suffers from low speed and
heavy load for a long time. Additionally, because of the strong noise generated by the interaction between gears during the operation of
the planetary gearbox, the fault characteristics of planetary bearings are completely submerged in the background noise and are difficult
to extract, which complicates classifying planetary-bearing faults accurately. Therefore, to effectively remove noise information from
planetary-bearing signals, accurately extract fault information, and classify the fault types of planetary bearings, an adaptive dynamic
mode decomposition (ADMD) and genetic algorithm and support vector machine (GA-SVM) with application to the fault classification
of planetary bearing is proposed in this paper. The hard threshold selection of the traditional truncated rank cannot effectively process the
time-domain vibration signals using the dynamic mode decomposition (DMD) method. Hence, this paper proposes improved

grasshopper optimization algorithm (IGOA) to optimize the grasshopper optimization algorithm (GOA) by using dynamic weight and
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avoid the linear gradient mechanism, which cannot fully use the entire iterative process. Furthermore, IGOA can perform a global search
to achieve the adaptive optimal parameter selection of the truncated rank. Besides, a new fitness function is defined that can effectively
process the original time-domain signals. The traditional refined composite multiscale discrete entropy (RCMDE) is relatively dispersed,
and it cannot characterize the features hidden in the signal better. Therefore, we normalize the RCMDE, forming the improved refined
composite multiscale discrete entropy (IRCMDE). Then, the IRCMDE is calculated for the denoised signal, and a feature matrix is
constructed to better mine the hidden features in the signal. Finally, GA is used to optimize the key parameters C and g of the SVM. The
GA-SVM classification model is also constructed and applied to the bearing fault classification of the planetary gearbox, which can
avoid the overfitting phenomenon in the training process and provide better generalization performance. Taking the planetary-bearing
fault data in the planetary gearbox of Nanchang Hangkong University as the research object, the validity and practicability of the
proposed method are verified, and the final classification result of the inner ring fault, outer ring fault, rolling body fault, and normal
condition is 96.43%. In addition, this method can more accurately identify the fault types of planetary bearings and has better
generalization ability than the empirical mode decomposition (EMD) signal processing method and the convolutional neural network
(CNN) classification method.

KEY WORDS dynamic mode decomposition; support vector machine; grasshopper optimization algorithm; refined composite

multiscale discrete entropy; planetary bearing; fault classification

TR SAR B A L3 PR L RBIN L B0GE R
SRR AR TEE AL, AR 4 AR
RUSE Ze U e i AR 20z e Y. A7 R URTEA T
B AR A vl SCEEAE T, Hos A7 A R 8 L AW
% HK W2 20 m R e, RS SBUTA
Bl LA R ECRE, 25 Tl AR r= LA N B B A
e R R, X AT R A 2 T Y oY
L s A

17 R RE A B B 45 0 e A LA R 0 R
AT B R A5 5 T & AR AR B I AE TS
SRR R, X AT B R AE SRR A R O
IR PR BT RHE SR, B RO E E A
JINI AR 4 (Wave transforms, WT)P!, 25 56 45 2 4 i
(Empirical mode decomposition, EMD)™*! ') % A 4345
47 f# (Variational mode decomposition, VMD)P! 4
Horbr, WT B 45 SRARS /1N R ESORN 43 i 125 1 1E 9%
B E , R e 21 25 R 3K, N BA A 3 B
P, FBE B — [ A N 1945 51 EMD A
FEAR A T, TR Sy i i Al R U B i
Jf H EMD 7EXF i A5 55 09 43 fife o) 72 v By 7= A
BIRB G, XTS5 REAE B 32 0™ A AN F1] 52 U1,
VMD 7EAb B i f rp 2 R AEBLSIR B LA, [H
i, VMD 953 s 55 H i 2 R i e .

B3 (Dynamic mode decomposition, DMD)
S — T T I B Ak R X A i 3L 1Y T O AR
Koopman i 5 43 87 £ AR, RE 48 K 52 7% i 3% 43 e Ay
— FRA R RBIE X, NS IR S R R
F B 23 FRAECP 1) DMD 45 & T 25 0] R 4k FLARAIE 1E
SR A, AT LURHE 5 00 i o — R AR IE A

B — A, T B AR O B TR R A S
I 1 3 Bl A B A A Y. R B, DMD X A # 9F 2
PR RE 5 B AL R 0yt 6e, 7T LUA R R AR
HCRERFAET. Ak, 36 AT LAEE S EMD Fl VMD H i
FEAE MBS TR & n 8, JF H AT DL se IR WT A2 2 Bk
B — [ T AR5 B B

T8 H B H R R — A RS BCE S A AN
FEVE, WEBCR, RGBORTEL, At Rm. E
ARk, A T R TR 2R, 15 BRI AN Wr
& JE, IT LI (Approximate entropy, AE)!' | £ A fi
(Sample entropy, SampEn)"*! F1 HE 51| #5 (Permutation
entropy, PE)!'® S 7E JE 2 A A5 5 Fp Ak 4 )5 T 19 17
FHBFSE R BUAS T —E R0k, (B2, ST RUE X T 5
e BRI A 5 DX AN B S U7 REAS S T 50, S
PE2Z, HARRIE FE 5 ) A= 587815 HES] 455 B SR A
AR =T ¥ N (ERG F Sl -% il R DR G R =
P W& 2 (8] (1) 22 557 U°) 2016 4F, Rostaghi Fil Azami*"
P& T — T B AN B A R AR B, B
O T R HL % R T RE R OC R, fE— R
B Lo T HABR A AE R B s, LR R R T
i 1) e 910 0 B — RUBE 23 b 7 1, A T 2P A5 R
F o BRI (5 B, Azami®! S0 TSR S 2 R
B HIH (Refined composite multi-scale discrete entropy,
RCMDE), H 2 R it B AR M Ar, FRAE 32 BOIUR
DT HAh 22 RO T k.

Bt X R Bl Tl R R TR, R B O IR A
R B (Decision tree, DT)?| BP i £ o 2% 21 <7 4%
[n] 3L (Support vector machine, SVM)?* &5 Hip, DT
Jer R A7 B AT iRk o, H AR VS AR, 121k




SRARFRSE: G N BRI R GA-SVM FEA T AL Al AR 0 % 43 25 v 1) 17

- 1561 -

AE N8 22, Ho52 E R W 55 K5 BP 4 22 1 2% X |
SRR B B TR BRI FAEAR R B R TR ik 2
WY 5T 6 SVM B JE BT 5, AR 5 1Y iz 1k fg
71, AH SVM X 53 28R4 S 88010 1k H 5 HURK.

BT Bk b, ASCR T —Fh B 1d 0 s
7 (Adaptive dynamic mode decomposition, ADMD)
g A Sk DAL SR 1] AL (GA-SVM) (947 A2 itk
PRI 43 26 D 1, 3 el o R R AR BV (Tmp-
roved grasshopper optimization algorithm, IGOA) H
TE W B DMD [ 88T RR, XAk B 8945 R
5 — 1k 5 B9 RCMDE {5 - ¥4 g R AR R R . AR )i K
R AEAE MR A B GA-SVM Hh S T 2L Al 7 1) 0 e
P dRJE, RAAT RN R AR AT A e e 7 S 0 K
P 1207 A B A B

1 BHEMHEXSHE

1.1 ZHEX 5 HE

DMD J& — #5543 il R 2l 288 X g 28
O30T S — I TR B Bk AR X o0 i B e
[ 577 # Koopman 4 %73 Hr H K. DMD 1) F 22 8
REUR A% 2% R AR B I 4R 20 15 5 STE B 3L 43 1
PSR Y. P, S =X, X0, -+, X,
X,], X; € R™1, § ¢ Rm<n

X=X X2 X111, Y=[X2X3---X,]» X’YeRmX(n—])
(1)

T A LAY R R M T R T A B
XEy gt Y EcE 2 B AE LR, Al R R
5T, AN LU R HON T 1Y 3 ) 22 R Ak

Y=AX (2)

TR 220 2 e/ ME FIsE

K:arg;nin||Y—A~X||,2v 3

H I A5 3] ) A RN A R DL B
DMD F¥E O BRUNT
(1) X RE B x 6T 27 S (RO i 15 31
X~UZV* 4)
Aorp, *RoR I E, U VERS AR AL
FRAEm . Hor, URv B s IERR N, Y, € R™T
A P N AET R, BN 5010
(2) e AR AERUBT B -, B2 (2) 7 5Fe (4) Y33,
155
A=YV,Z'U; (5
I TS i 4R, Ay Bl AR OR, #H
PR r BRIk ) b, A5 B AR R AL
A=UAU=UYV,Z ! (6)

KA er. BT AR AN AU B, A m HF
fiE ) 52 FURRAE AR 5 ARG HFAE ) 5 FRFAE A — B0

(3) X A AT HRENE A 73

A=wAW™! D
K, W=lw,w, 0] € R™ N AR R AL ) 4,
A = diag ([, A2, -+, A,]) € R™ %5 F %

4) A I

1533 AJ5 50T LAAS BIE 5 0938 A2 Rk, )5 4G
A A i BYRHE 1) 50T F A PR ) i (AR

¢i=YV.E'W, €))

2 (8) — MRl FR oG i S AR o3 ik, B Pl AR
{H AR AE o] 52 09 IORR A B s 15 3. s X o0 i
F1%) L ) 4 O 3 3o B AR I o) R NS ).

Xpmp =27 ¢iexp(A;At)b; = Pexp(21)b 9)
A, ArER 7R SR A I 8] 8] B 5 o2 SR FF I 6] 5 @i 5l
A5 i P AR AT ] i b 2L B ) R B 5 2 = diag(/lj)IElli
APRRE AR AZH B X A8 5 b = & X381 i A A%
KA IEAE, Hrh rRoR T S,

Hi T DMD £ 73 fif 250 AR R 2 A0 46 7 ok
{18 376 BB, I A% e RS 1 (L ) A T Bk 32k By =X 3R AR
NN BEEL, IF HIA AR B E RO, T, A Scde
K FI IGOA 523 DMD Wik (1 11 38 [ 356 HL.

1.2 BHEMMERA U EE

WE I A/ 4k 592 (Grasshopper optimization algori-
thm, GOA) 55 1 R Bk A T WE I 1Y 6 &2 47 4
W i %) 2 T S 4 Ay 4l SR R R I PR B B %)
e ) S SRR R AL B G2, 1T K A R B
B Bl R AT W A OC T A R Y. FEAK
7 b, MR R RESEAT AL

X;=8;+G;+A; (100
Ao, X 3R RS HERE A0 8, S 3RR WE I8 2 W] Y
FHEAER, GaRR 5 W 0 ), AR i3z R
paliig-Al

X (10) s Rk AN

N

Sl'= Z S(W,‘j)w-i\j (11)

Jj=1,j#i
:T:E: ':F' s Wij = |)C/—)C,|7Ell:%l/|\ﬂ]%]/l\mlﬁéﬁzrﬁj E/‘JEE
B, Wi s SR S WEIE 2 [a) Y B ] B, s
NS A AR B g, R

s(w)=fel —e™¥ (12)
o, RS R B DA R R,
X (10) 1GRB XN
G,’Z—pél\o (13)



- 1562 -

TRERLF2ER, 26 45 5, 5 9

K, o051 I8 EL, e, 48 ) it 1) A3 2K
AR E AN
Ai 288’\;, (14)
A, eRNIERSHEL, e W] ) HLAL K 1
B8, GANA; R FR B A (10), 7] LIS 2

&y ub-1Ib xj-x| =
Xi=c; Z c) > s(|xj—xi|) ld<- +7 (15
ij

oLt
A, BRI R 25 F ub bR 7R T8 B AR,
AP e A 5 ol Rl 2 R RUR B TR 15 el
FPIE X HER ORI G| X AU AR R 2L oo fllealiih
R EASZEL, K (16) R,

Cmax ~ Cmin (16)

N
A, 1R HET s AR R, MRS I RE AR
B, cmax M emin 73 1 2278 i RAB A /M
1% G 2 P 36k ol 1 25 B ) O AS RE A 590 58 0
FIHEEAEAR . b TR & EF I, IGOA
R GIAT SRR S ELE, ks Ak
eI RISy N 3B B, BRI . b 0 S .
TER IR B, HARL S AL &, 48R o # AT L
PSS 1E P R Y B, SRR E, TER A=
] AT R TR e IR B, A T IR AT 8 R 8 A
R AR, RN ESHY. B NES
GNP AW ok
&y ub-1Ib xj—x%i| =
X; =mc Z c 7 s('xj—xil) y +T QA7)

€=cCmax—1

j=1,j#i
Krp, mAy B R RS S E S8 AR
Fid# 3 BB RHE, Z8miTHE R
(0.5-0.1) x iter

" 0.2 x Maxlteration”
0 < iter < 0.2 x MaxIteration

0.5
m=
0.1,0.2 x Maxlteration < iter < 0.8 x MaxIteration

0.05, 0.8 x Maxlteration < iter
(18

1.3 ENEFRHY

TEAT H IGOA Bk B, 75 8 S — 1k B R
Ok A 1 i LAk 2 80000 o, AR B B bR R R
/IR E LS EL

2k R R A SR B R e, B e 2 B — A
Jeil S 1 0 o o A5 5, S v 2 A 5 A R
RHARARE. PR L, FRAE R & 0T DL >t i & i 30
phs . R A, RRAE AR (1) B8 (AR X T Ho A e =
B B e A, HLOA R IE A — K 4 i )5 1 fiE
ANEWHUR K Z, BOR FHRHIE R & 22 Kk B A7 i R_om

2 I 5 A AR — A P bk oy B 2%
T 2 BT e R R AR A, B
J3E 2 o 2% T M i R R0 R A R B R AR H
Hh U R — AP R o P RE R R bR, X i
G T BB, B2 TR FRRERY. a2k iR
(L U 2 T DL oA 48 3 3 Bt o ol 1) 708 35 7 A2 PR,
TGS G T LR U JEE A B A BB FH SR A A A
AR B4 R BRAE R,

ESK = Fl—z (19)
)4
{Z [SEGH| ]
j=1
EK=ESK - ku (20)

A, ku, BK. ESKAF 5 7R U FE | & i B2 L
BB RIS L. SENMR 5 M40 pRR 415
B RB b, Y00 i 2 SR b i J B o s ]
S, B B BB R, AN I S S N (B /.

BRI, A SO SCT — A6 B 4% I B2 R AIE fig
HEH AR A & ek, B
EDV.
EK-E
A, Function 7R 18 I Ji PR %L, EDV /R F#1IE AE &
25, EKR/N B I B, EFRORFFIERE . 0 ff 45
R JR 3 wh o S B I A, Function B 48 K 2443
fiff 25 S vh ) JE B b o B SR B, Function i /).
W, A 3R] DL S B o W Function 1) A8 £k 2k 52 i
{55 43 i 45 - ) I 3K, 4 Functionih 3 & /NME B,
orfeal Fede . A IGOA vk 528 DMD #;
W B 1 1 35 N A L B, 15 205 5 10 B A A
14 MHMBHESERESHE

RCMDE f&7F MDE R5Ehl el ik ). MDE
ST P B AT A 6] R A HLRL AL, S8 5 T3
PO E. 17 RCMDE J& 56 3T 5 45 A MR Ak e 51 B8
RO R E 23, P o 3 2 2 O M 238 1 P 1 (L
B ARITHE RCMDE. RCMDE 3TN

(1) XF T I 46 B v = (ur,u, g}, LAR 5K
fE. 7F RCMDE Bk, J5F S ubu dF B 9F- 34 55
Br/INBE, SR RN B 0 A, PR RN BRI
S BE L BOHLRLAL P 51 . Horp ) S A HURLAR T 51

Function = QD

=k (22) frs.
k+jr—1 L
K== Z wp, 1<j<=, I<k<t (22)
5] T T
b=k+1(j-1)



SRARFRSE: G N BRI R GA-SVM FEA T AL Al AR 0 % 43 25 v 1) 17

- 1563 -

Q) B R E R o R, R 5
SR AT TR A 3 ) K

O FIHIEZ M BRE A e = {xj, j= 1,2,
NYR ST Ely = {yj,j=1,2,--- N}, Hy; €0,1), y;HY
HEAA:

L[ o))
= dr (23)
Y oV2n f —o ©

K, wfllo 53 0 s BHE FbRifE 2.
() M o 2 PR VE Ay WU 20 1,2, IR FE
M, B
z’; =R(b-y;+0.5) (24)

A, RN R B B2 5, R0 U I8 5
bR EL

@ TR A AEECm I I [ S2E 38 258 A % A 17
RFAIZ.

mb _ (b b b
% —{Zi’zi+d"”’zi+(m—1)d} (25)

@ T E B AR Oy, oy (M—1=1,2,-- 0).
HL =vo. 2 = v ’Zer(m—l)d =Vpts W\Uz:”’bXULFjEi‘J%
WAL N Oy e -

® it H BB B K 0y, e, R
(T

C ““;1(_@(;0;_" "1’;';1) (26)
A, num(@VOVl,""Vm—l )%%ﬂ? WG B 0,00, e, T
L
(3) X FHEARE T 7, RCMDE % X H:
RCMDE (X, m,b,d,7) =

Cm —
_ Z P(@VOVI"",Vm_] )ln
n=1

S P @rgpy ) = 2 ST P AL L5 51 0
WSR3 02 .

1 T R 445 8] (1) RCMDE {84 R 40 B0, ASFF
AR IAHTLE (5 5 P BYREE, UL, T 1H41 IRCMDE,
¥ RCMDE {H i — 25 1 — AL AL P

RCMDE — RCMDE,y;;,
IRCMDE = (28)
RCMDE, 3 — RCMDE i,

A, IRCMDE# /R I — 1k J& 19 {H , RCMDE i, 1
RCMDE ., /3 #1126 75 RCMDE A f/IMA Fl 3 KA.

2 ITERRAMHMANESXE X

21 BEEZRUHIZHEREN

SVM J2 ] TR fifk RE A8 1 Rl 73 VI 2 5 S 0F
L LA 8] b 5z K 4 73 75 F 1 1) — FP AR % . SVM

i)(@vov,,.,.,vm_,)] (27)

W SR FH v 3 A2 1) S A R K (x, xp) = exp(—g||x—xi||2),
Hor gy il A% s B EE 1 2855, T SVML AT L)
Kot A SR A B O A )

J !

/
ZyiyjaiajK (xi, xj) - Z aj; (29)
1 /=1

=1

| =

min
a

!
s.t.Zyiaizo, 0<a;<C (30)
i1
A, (G yln W 2R 4 5 xi,x; € R iy, €(=1,1);
apa, HPLMEIH B 75 ij=1,2,-,1, CHIES =
B, st RR ARG
H T SVM 4325 B % 50 22 R0
SR O T % oR B RS 2 B8 g BT Y 52 il T A%
4t SVM EZRELIRIG RS AES L, AN HA Stk
1% 15 557 (Genetic algorithm, GA) 5 15 & —Ff
LU A B4 2050, DL A SR 3k B RN B A st A% 1
F N TERZ O, B[R B T AR
B MG, O EH | A8V R A GO AE
H—FhE k. AT 2R R I, GA Bk
DATEAE Rk B b [ 3 W i AR AT B AR, 4 1z 0
FH T O AG TR A SR B30 IR, A SCRH GA B
5ok T4k SVM MRS ECHIg. GA-SVM Fk Y
FR B A 1 PR,

| Input data |

l

Select kernel function and
parameters of SVM mdoel

|

| Optimize C and g by GA |

l
| Decode |—>|

Train SVM model |

T l

Regenerate the | Test SVM model |
population l

T |

| Genetic operations |

Calculate the fitness function |

| GA-SVM |

l

| Train GA-SVM model |

l

| Test GA-SVM model |

B 1 GA-SVM HAMER
Fig.1 GA-SVM technology framework



- 1564 -

TRERAZE, 5 458, 5 oM

2.2 ADMD 71 GA-SVM RIfTEMABED X EE

ADMD F1 GA-SVM 47 B fli K e e 73 S ik
JE L AT B RORTE 5 R sh RRE, 454 ADMD Al
GA-SVM PR 7 0 s s B0 . i TAT R4
R A B0 2 S5 A RN AT B Al R R 1 T AE S 5
AT Ll AR s R P 2 B S 9 B
L, T AR G S TP S T RS (ES. DMD
SR — Tl 3L T B B R T R =40 i B 1Y O O R
Koopman # 3% 43 B £ R, GE 95 4 0 $2 U R 15 5
oI AL & BB SRR (R T AT R R BT AL
M IREE R A S, W ol e, o T R A A5 5 O AL 31
A3 BT 3 AR ) TP, {45 L 0 7 o ff 1B AR BT
Bk, REEAT R bR PRS0 75 BT A7 ok () 5 i, PR IR
FH ADMD J7 44 5 3R 15 5 40 i  LARRIEAS B o
B ARk 8 53 R LA A8 S5 M 7 Sy 3 %) s 0 3, 2
i L 18,73 D) T LA A 2880 P 0 /0 M 7 1145

GOA J&—FiH T2 Rt LB B oo g & X5
%, FENH T SE0W SR B, B2 EAE
SR R T 25 5 B A R BB S e, DT 5 i)
B BEIC. BT XX A g O, SR FH 8h AT R e it A%
45 GOA 135, Ml 285 5 Bkt Jmy & 48 R, fe 25K
AR RN HB. FRARSCE X T —NE
26 i B2 R AIE B i 22 08 HUAE A H A eR R, LA S5 1Y)
LIS H AR

RCMDE 1) 2 RUBE o B A M 4, R AiF B2 BUAL
AT HoAth 2 ROE R, B rl DL iE— 2B 32 5 5
o By B IE . {H &, RCMDE B % R 438k, 45 3¢
$5 0 X 34475 31 (1 RCMDE 80— 45 19 14— {1k &b
B, ] LR A ) R AEAE 5 HRRAE.

SVM HA7 i 57 B9z Ak vk fig, 1HH 2 2ERUR 1Y
IFSRR KRR TS E0 . TH2RH GA-SVM
R LIV S NSNS EZY o N S Gt A S
RELAA) IR 00 1) H B

HT T, AR T—F ADMD #1GA-SVM
AT L Al R B 3 AR T AN [ s B A 2
RAG S5, HERLNE 2 s,

3 KBERENN

AT R O AR A AT R S RSB R S
PEAT AT, R E S0k A A k. g R A B A B R
{55 E o4t ADMD 4bHL, SR J5 %Hab B 1915
i H I3 — 16 5 9 RCMDE {8 I 6 Ho kg i AF
JE M, Tl GA-SVM it AT 40 25, i T iE— 2
AT B L MR, AR SCHEAT T HL AR 92

| Planetary bearing vibration signal |

l

| Process the signal by ADMD |

l

| Calculate the normalized RCMDE |

l

| Construct the feature matrix Featu.r ¢
| extraction
[ ow ]
Identify the fault type |

Construct the fault Fault

classification model classification

B2 ADMD # GA-SVM W4T 2 fll AR Be J3 2r i PR IR 2%
Fig.2 Schematic of the ADMD and GA-SVM

3.1 XWEE

PSR BN 3 R, AT ESRA WA 4(a)
FiroR, o SRR S5 5 H 0 n 3 % )4 PCB
604B31 = fli il i FE A% A% B AR AT BRIA R AR |
WE 4(b) iR, ASCIE T 4 FOASFERRAS T 89472
RIR B T, 3000 P9 B R L SN RE TR B
R AT . AT R R AR R EESHOL R 1

Parallel gearbox Load motor

Drive motor

Planetary gearbox Load gearbox

B3 sigmes

Fig.3 Experimental equipment

I = Ty .| Y 3
El4 1TREGRAIERSNE K. @) 7TR IR (b) BRSO E
Fig.4  Planetary gear box sensor layout: (a) planetary gear box; (b)

sensor location

32 #WESZE
PR35 5 00 R EES Rl 20 kHz, K kE B} [E] 4
32 s, kLA BN 655360 1, &S A 5



#EHES: A

N B A3 i AT GA-SVM ZEAT B Rl AR e 4325 v i) iz - 1565 -
1 ATR IR EESH PR, SR AR 553514 70 416 T ADMD

Table 1 Main parameters of planetary gear box

Number of teeth Number of planetary

of sun wheel gear teeth Ring gear
28 36 (3) 100
0.04
(a)
0.03
0.02
Z
g 0.01
£
o
g 0
<
—-0.01
-0.02
7003 1 1 1 1
0 0.02 0.04 0.06 0.08 0.10
Time/s
0.10 F
(©
0.05
z
()
ksl
= 0
a
=
<
-0.05
7010 1 1 1 1
0 0.02 0.04 0.06 0.08 0.10
Time/s
Bl 5

Fig.5
(d) normal signal

33 HERERSLESHT

W Kb P 0 R R i A B GA-SVM B AY e
Fie MR8 = 2 I L 1 3l Ak A3 DI 2k 4 Al 4, R
é}?%ﬂizzuﬁ XA A 56 41, MR 40 52 b ki
B, AR RSB0 E R BEIRK/INR 20,
xw@%zﬁw AR SRR N 0.8, BALA L

HEAEARECH 200, #1800 200 % ARG, T LAAS
#| GA-SVM S50y id B £k, ani&l 6 o, (Al nf
DISE] SVM 28 Hi, &5+ C=589.17,
% PRBURBE 5 i 281 g=0.16.

1 ADMD+GA-SVM 17 B fli & i b 2K 05 5
ADMD+CNN 7 ¥ il EMD+GA-SVM J7 32k ¢ 17 X
L, B E A R0t AR R 6 B R AT 5058, 2k
S5 5R R e 5 i an 1 7 Nk 2 IR,

M7 FiER 2 HRTLIE L, RH] ADMD #1GA-SVM
BT B 4 PR U AR Rl 96.43%, BT

AbEE b IGOA S 801 B AN T « R I Fh B 4%
h 30, 5 RKIERBH 10, cmax=1, cmin=0.0001. %] &b
PR S A0 4Z 53148 H IRCMDE {8 31 7% 1l AH 1 18 4R 1F
el

0.04

(b)

0.03
0.02 -
0.01

0

Amplitude/V

—-0.01
—0.02
—0.03

_004 L L L
0.04 0.06 0.08

Time/s

0 0.02 0.10

0.06

(d)
0.04

0.02

Amplitude/V

-0.02 }

—0.04
0

0.04 0.06 0.08

Time/s

0.02 0.10

AT RS0 (5 S IR, (2) WIBE'S; (b) SNBSS, (o) BlIRfES; (d) IEHES

Time-domain diagrams of vibration signals under different fault modes: (a) inner ring signal; (b) outer ring signal; (c) rolling body signal;

DAVER IR S R TR e 28 78 (4 5 B2 5l 7K 5 1] ADMID+
CNN Jrikie A T RS A /- 2 KA 78.57%,
EMD+GA-SVM J7 ¥& W HE B R A 91.07%. X 7] fig
JE T CONN R A g 1 5ot Bods B R A, Ik

100 Best C=589.17, g=0.16

95T, —o— Best fitness

—o— Average fitness

Fitness

65

100 150
Evolution iteration

Bl 6 GA-SVM St i e ik
Fig.6 Fitness curve of GA-SVM parameters

0 50 200



- 1566 -

TRERLF2ER, 26 45 5, 5 9

Accuracy=96.43%

Normal

@)

Outer

Category label

Ball

* Actual classification
o Predicted classification

SRRk

Irmero 10 20

Accuracy=78.57%

Normal
(b) * Actual classification
o Predicted classification

o Outer | @ ABEATERERIO o
=

2

s

en

8

8 Ball fo ARERRRERERERE O

Inner

Test set

10 20 30 40 50 60

30 40 50 60

Test set
Accuracy=91.07%
Normal o P —
(¢) * Actual classification
o Predicted classification
o Outer
5
2
IS
on
&
S Ball|

Inner) 10 20 30 40 50 60
Test set

B 7 REFESELE. (a) ADMD+GA-SVM #; (b) ADMD+CNN #%; (c) EMD+GA-SVM #:

Fig.7 Classification results by different methods: (a) ADMD+GA-SVM method; (b) ADMD-+CNN method; (¢) EMD+GA-SVM method

F2 ARIrEXATRERAT R RR LR
Table 2 Classification results of planetary bearings in planetary
gearboxes by different methods

Methods Accuracy /%
ADMD+GA-SVM 96.43
ADMD+CNN 78.57
EMD+GA-SVM 91.07

{8 Fl ADMD+CNN Jy 325 % 47 22l AR g s 1R 17 49 28
B, 45 28 B A3 S 25 S v 4 A7 0 B B 1 oy 2R R
PG, 2K BRI A FHAR . 1 EMD+GA-SVM i 4%
X VR Sl R 3B A 8 A 1 0 R 5OR E R X ) P 4
H AR o 2SR . R, 38 ADMD+
GA-SVM J5 ¥ 5 1% 55 CNN 5 8 Jr At 33092 114 1
B, FI T R AR SOy i 10 4y 2 25 AL T HoAth Oy
e, BUE T A RO ST M, ST XA T AR AR
HCBE A 828, B AT iz Ak fg

4 Hit

A B R RO A T 1A 5 I A R ) MR e
FEAT Bl R A R TR A 2 e ) A v B AR

B, DT AT AL Jl A i I 4 R0 DA 3 6 v 1 40 26
HER . R LA SCHE H —Ff ADMD fil GA-SVM 11
A7 B Sl B o3 2 B R A A bR AT B AR (E 5
R £ L, TR PR BB AR B, SEI AT A A
AR RS R ARG 4325, 1R IGOA Bk H
I W e DMD (8 IBTBR, 9K 5 0 il A 5 3R AT 0
fi#, B 53 f# J5 1945 5 115 IRCMDE { I #4 # 4FiF
S B, B R ] GA-SVM 5 58 17 4 2 M 28R
96.43%, (HIEAH — & T2 0], I, 2 &7
B RECRE o MR RN BT — I By TAEE
AL B TTERCA:

(1) 5 SLT 7 iR 3 1 B R A, SR AR S g H
PR S HORT LS B 4 1) 43 R

(2) RSB EMALIE G GOA HIE, Bhil R
PR ZR, [l e R DMD AR T R, 2515 5 Y
ST RRUAL, YA U B RRAIE

(3) & H] IRCMDE {H 1E Ry F1iE , £2 28 P 4, [F]
B AT ATE G A 42 4845 5 B 1 R AR A S

(4) 2R H GA F LAk 1 SVM, AT Lk G il 25
SR IS B S, B A et fe.



F 3 1 S 3 i FT GA-SVML 7E AT B2 il Al I8 43 288 v 4

- 1567 -

(4]

(6]

(7]

[9]

[10]

[11]

[12]

[13]

[14]

[15]

% x W

Lei Y G. Adaptive ensemble empirical mode decomposition and
its application to fault detection of planetary gearboxes. J Mech
Eng,2014,50(3): 64

Wang T Y, Chu F L, Feng Z P. Meshing frequency modulation
(MFM) index-based kurtogram for planet bearing fault detection. J
Sound Vib, 2018, 432: 437

Wang P, Li T Y, Gao X J, et al. Bearing fault signal denoising
method of hierarchical adaptive wavelet threshold function. J Vib
Eng, 2019, 32(3): 548

(T, R, W54, 4. 702 A G RN B R R 5
WEMR T 5. RS TR, 2019, 32(3): 548)

Zhao X M, Patel T H, Zuo M J. Multivariate EMD and full
spectrum based condition monitoring for rotating machinery. Mech
Syst Signal Process, 2012, 27: 712

Wang Z Y, Yao L G, Qi X L, et al. Fault diagnosis of planetary
gearbox based on parameter optimized VMD and multi-domain
manifold learning. J Vib Shock, 2021, 40(1): 110

(CEARIE, WeS7 2, URF], 55 SRR RS0l 5 2 0
T2 W9AT RAGFRAR ORI . SR8 -5 i, 2021, 40(1): 110)
Zheng X W, Tang Y Y, Zhou J T. A framework of adaptive
multiscale wavelet decomposition for signals on undirected graphs.
IEEE Trans Signal Process, 2019, 67(7): 1696

Lv Y, Yuan R, Wang T, et al. Health degradation monitoring and
early fault diagnosis of a rolling bearing based on CEEMDAN and
improved MMSE. Materials, 2018, 11(6): 1009

Zheng Y, Yue J H, Jiao J, et al. Fault feature extraction method of
rolling bearing based on parameter optimized VMD. J Vib Shock,
2021,40(1): 86

GRS, T i, faifh, S5, I TSR0 AR A3 1 v 2l
TRBRRRHESRIBOT . k8l S wiili, 2021, 40(1): 86)

Dang Z, Lv Y, Li Y R, et al. A fault diagnosis method for one-
dimensional vibration signal based on multiresolution tIsDMD and
approximate entropy. Shock Vib, 2019, 2019: 1

Rowley C W, Mezi¢ I, Bagheri S, et al. Spectral analysis of
nonlinear flows. J Fluid Mech, 2009, 641: 115

Taira K, Brunton S L, Dawson S T M, et al. Modal analysis of
fluid flows: An overview. AIAA4 J, 2017, 55(12): 4013

Schmid P J, Li L, Juniper M P, et al. Applications of the dynamic
mode decomposition. Theor Comput Fluid Dyn, 2011, 25(1): 249
Dou D, Ye X D, Zhang G H. Entropy sequences and maximal
entropy sets. Nonlinearity, 2006, 19(1): 53

Pincus S M. Approximate entropy as a measure of system
complexity. Proc Natl Acad Sci, 1991, 88(6): 2297

Shi Y, Lin J H, Zhuang Z, et al. Fault diagnosis for pantograph
cracks based on time-frequency decomposition and sample entropy

of vibration signals. J Vib Shock, 2019, 38(8): 180

[16]

[17]

[18]

[19]

[20]

[21]

[22]

[23]

[24]

[25]

[26]

[27]

[28]

[29]

(i, MOEEHE, FEAT, 46, JETHRSNME S - R AR ) 52 10
SRS, k3 5 bk, 2019, 38(8): 180)

Dang Z, Lv Y, Li Y R, et al. Optimized dynamic mode
decomposition via non-convex regularization and multiscale
permutation entropy. Entropy, 2018, 20(3): 152

Lin L, Zhao D Y. Application of approximate entropy in acoustic
emission signal processing. J Vib Shock, 2008, 27(2): 99

CMRE, BAPEAT . TR R S5 5 b B 5 . iR 3l 5 e
i, 2008,27(2): 99)

Jiang Y, Mao D, Xu Y S. A fast algorithm for computing sample
entropy. Adv Adapt Data Anal, 2011, 3(1-2): 167

Azami H, Escudero J. Amplitude-aware permutation entropy:
[llustration in spike detection and signal segmentation. Comput
Methods Programs Biomed, 2016, 128: 40

Rostaghi M, Azami H. Dispersion entropy: A measure for time-
series analysis. IEEE Signal Process Lett, 2016, 23(5): 610

Azami H, Rostaghi M, Abasolo D, et al. Refined composite
multiscale dispersion entropy and its application to biomedical
signals. IEEE Trans Biomed Eng, 2017, 64(12): 2872

Achlerkar P D, Samantaray S R, Sabarimalai Manikandan M.
Variational mode decomposition and decision tree based detection
and classification of power quality disturbances in grid-connected
distributed generation system. [EEE Trans Smart Grid, 2018,
9(4):3122

Zhang S Q, Huang W J, Hu Y T, et al. Bearing fault diagnosis
method based on EEMD approximate entropy and hybrid PSO-BP
algorithm. China Mech Eng, 2016, 27(22): 3048

(BRI, BEOCH, WAk, 5. ST BT Y 2 A =i T )
05 FE & PSO-BPHL 1 4 4 7K B 12 18 Jy 12z vl [ LA T 2,
2016, 27(22):3048)

Abdoos A A, Mianaei P K, Ghadikolaci M R. Combined VMD-
SVM based feature selection method for classification of power
quality events. Appl Soft Comput, 2016, 38(C): 637

Saremi S, Mirjalili S, Lewis A. Grasshopper optimisation
algorithm: Theory and application. Adv Eng Softw, 2017, 105: 30
Meraihi Y, Benmessaoud Gabis A, Mirjalili S, et al. Grasshopper
optimization algorithm: Theory, variants, and applications. /EEE
Access, 2021, 9: 50001

Zhao R, Ni H, Feng H W, et al. A dynamic weight grasshopper
optimization algorithm with random jumping // Advances in
Intelligent
Singapore, 2019: 401

Systems and Computing. Singapore: Springer
YuJ B, Hu T Z, Liu H Q. A new morphological filter for fault
feature extraction of vibration signals. IEEE Access, 2019, 7:
53743

Ma Y B, Lv Y, Yuan R, et al. Matching synchroextracting
transform for mechanical fault diagnosis under variable-speed

conditions. IEEE Trans Instrum Meas, 2022, 71: 1


http://dx.doi.org/10.3901/JME.2014.03.064
http://dx.doi.org/10.3901/JME.2014.03.064
http://dx.doi.org/10.1016/j.jsv.2018.06.051
http://dx.doi.org/10.1016/j.jsv.2018.06.051
http://dx.doi.org/10.16385/j.cnki.issn.1004-4523.2019.03.021
http://dx.doi.org/10.16385/j.cnki.issn.1004-4523.2019.03.021
http://dx.doi.org/10.16385/j.cnki.issn.1004-4523.2019.03.021
http://dx.doi.org/10.1016/j.ymssp.2011.08.001
http://dx.doi.org/10.1016/j.ymssp.2011.08.001
http://dx.doi.org/10.13465/j.cnki.jvs.2021.01.015
http://dx.doi.org/10.13465/j.cnki.jvs.2021.01.015
http://dx.doi.org/10.1109/TSP.2019.2896246
http://dx.doi.org/10.3390/ma11061009
http://dx.doi.org/10.13465/j.cnki.jvs.2021.01.012
http://dx.doi.org/10.13465/j.cnki.jvs.2021.01.012
http://dx.doi.org/10.1017/S0022112009992059
http://dx.doi.org/10.2514/1.J056060
http://dx.doi.org/10.1088/0951-7715/19/1/004
http://dx.doi.org/10.1073/pnas.88.6.2297
http://dx.doi.org/10.13465/j.cnki.jvs.2019.08.027
http://dx.doi.org/10.13465/j.cnki.jvs.2019.08.027
http://dx.doi.org/10.3390/e20030152
http://dx.doi.org/10.3969/j.issn.1000-3835.2008.02.023
http://dx.doi.org/10.3969/j.issn.1000-3835.2008.02.023
http://dx.doi.org/10.3969/j.issn.1000-3835.2008.02.023
http://dx.doi.org/10.1142/S1793536911000775
http://dx.doi.org/10.1016/j.cmpb.2016.02.008
http://dx.doi.org/10.1016/j.cmpb.2016.02.008
http://dx.doi.org/10.1109/LSP.2016.2542881
http://dx.doi.org/10.1109/TBME.2017.2679136
http://dx.doi.org/10.1109/TSG.2016.2626469
http://dx.doi.org/10.3969/j.issn.1004-132X.2016.22.012
http://dx.doi.org/10.3969/j.issn.1004-132X.2016.22.012
http://dx.doi.org/10.1016/j.advengsoft.2017.01.004
http://dx.doi.org/10.1109/ACCESS.2021.3067597
http://dx.doi.org/10.1109/ACCESS.2021.3067597
http://dx.doi.org/10.1109/ACCESS.2019.2912898

- 1568 -

TRERLF2ER, 26 45 5, 5 9

[30]

[31]

[32]

[33]

Wang D. Some further thoughts about spectral kurtosis, spectral
L2/L1 norm, spectral smoothness index and spectral Gini index for
characterizing repetitive transients. Mech Syst Signal Process,
2018, 108: 360

Ren Y, Li W, Zhang B, et al. Fault diagnosis of rolling bearings
based on improved kurtogram in varying speed conditions. Appl
Sci, 2019, 9(6): 1157

Zhang S, Zhang Y X, Zhu J P. Rolling element-bearing feature
extraction based on combined wavelets and quantum-behaved
particle swarm optimization. J Mech Sci Technol, 2015, 29(2):

605

Tang X B, Wang Z Q, Zhong L X. Microblog topic tracking model

[34]

[35]

based on wikipedia semantic extension. Inf Sci, 2017, 35(2): 80
(REeit, b 8, Bhobkiss. LT3 )b e 0% S s A 58
PO, R, 2017, 35(2): 80)

Zhang Y, Wu L H, Fan X M, et al. Identification and classification
of power quality disturbances based on modified S transform and
GA-SVM. Guangdong Electr Power, 2021, 34(5): 99

(o, A2, WO, 25, B T HE SR MM GA-S VMK FL fiE
B sl 5532, )R ”LS, 2021, 34(5): 99)

Xu Y, Song W X, Feng J Y, et al. Minimum pulse width
modulation of current harmonic for three-level inverter. J
Shanghai Univ Nat Sci Ed, 2017, 23(5): 690

(BRUN, ROCHE, 1 )L—, S5 = RSP 30388 H R I de/ NP WML
k. BIIEAER (A AR, 2017, 23(5): 690)


http://dx.doi.org/10.1016/j.ymssp.2018.02.034
http://dx.doi.org/10.3390/app9061157
http://dx.doi.org/10.3390/app9061157
http://dx.doi.org/10.1007/s12206-015-0120-3
http://dx.doi.org/10.13833/j.cnki.is.2017.02.014
http://dx.doi.org/10.13833/j.cnki.is.2017.02.014

	1 自适应动模式分解
	1.1 动模式分解
	1.2 改进的蚱蜢优化算法
	1.3 适应度函数
	1.4 改进的精细复合多尺度离散熵

	2 行星齿轮箱轴承故障分类算法
	2.1 遗传算法优化的支持向量机
	2.2 ADMD和GA-SVM的行星轴承故障分类算法

	3 实验结果与分析
	3.1 实验装置
	3.2 故障分类
	3.3 分类结果与比较分析

	4 结论
	参考文献

